Abstract: This paper makes a comparative assessment of three popular maximum power point tracking (MPPT) algorithms used in photovoltaic power generation. A 120 W p PV module is taken as reference for the study that is connected to a suitable resistive load by a boost converter. Two profiles of variation of solar insolation at fixed temperature and varying temperature at fixed solar insolation are taken to test the tracking efficiency of three MPPT algorithms based on the perturb and observe (P&O), Fuzzy logic, and Neural Network techniques. MATLAB/SIMULINK simulation software is used for assessment, and the results indicate that the fuzzy logic-based tracker presents better tracking effectiveness to variations in both solar insolation and temperature profiles when compared to P&O technique and Neural Network-based technique.
Introduction
Power generation through photovoltaic (PV) generation system is one of the most sought after forms of renewable energy sources, popularity of which has been in the rise due to its non-polluting, renewable and inexhaustible nature (Eltawil & Zhao, 2013) . Immense demand for finding feasible and environmental-friendly renewable energy sources to meet the future energy requirements as PUBLIC INTEREST STATEMENT I am sending this manuscript for consideration for publication in your esteemed journal to assist the scientific community in the area of Comparative Evaluation of Photovoltaic MPP Trackers: A Simulated Approach. This paper makes a comparative assessment of three popular maximum power point tracking (MPPT) algorithms used in photovoltaic power generation. A 120 Wp PV module is taken as reference for the study that is connected to a suitable resistive load by a boost converter. Two profiles of variation of solar insolation at fixed temperature and varying temperature at fixed solar insolation are taken to test the tracking efficiency of three MPPT algorithms based on the Perturb and Observe, Fuzzy logic, and Neural Network techniques. MATLAB/SIMULINK simulation software is used for assessment, and the results indicate that the fuzzy logic-based tracker presents better tracking effectiveness to variations in both solar insolation and temperature profiles when compared to Perturb and Observe technique and Neural Network-based technique.
fossil fuel reserves deplete. Solar energy is a viable substitute to fossil fuels among other available renewable energy sources such as wind, hydroelectric, and geothermal power (Sivasubramaniam, Faramus, Tilley, & Alkaisi, 2014) . Solar PV generators have been used in small-scale, stand-alone systems at low voltage levels as well as the high power installations, connected in grid mode and operating at medium or high voltage levels. The drawback of PV generators is its low conversion efficiency (Sivasubramaniam et al., 2014) . Efficiencies of typical crystalline PV cells are in the range of 12-18%, although experimental cells have been constructed that are capable of efficiency over 30% (Zaheeruddin & Manas, 2015a) . The PV generators exhibit nonlinear current-voltage (I-V) and power-voltage (P-V) characteristics (Liu, Liu, & Gao, 2013) , a phenomenon that is more serious in partially shaded condition due to more than one maximum power point (MPP). For optimum use of PV generation, it is important to operate the system at the maximum available power production state for an available solar irradiation, temperature, and load. Thus implementation of maximum power point tracking (MPPT) control techniques, in order to maximize the available output from a PV generator becomes an essential constituent of any PV system.
The MPPT involves operating a DC-DC controlled converter such that it leads to operates a PV system to its optimum power production state for given set of external atmospheric conditions and state of loading (Ahmed & Miyatake, 2008) . Different algorithms employing tracking techniques for maximum power from PV generators are found in literature. Jain & Agarwal, 2007; and Kim, 2007 uses sliding mode current controlled for power point tracking, by varying load voltage in order to obtain either the current derivative or voltage derivative equal to zero. Chih-Lyang, Li-Jui, & Yuan-Sheng, 2007 and Venelinov, Leonardo, Vincenzo, Francesco, & Okyay, 2007 make use of artificial intelligence techniques (fuzzy logic, neural network, and genetic algorithm) to determine the change in voltage and current of load, and in turn vary duty cycle for PWM control of the converter for effective tracking at any external atmospheric condition and loading. While most research works are focused on the development on the tracking algorithms, Bhattacharjee and Saharia (2014) make a comparative study on the individual converter topologies namely buck, boost and buck-boost converters used as interface in the PV power generators. They conclude that boost converter, when used as the power converter interface for MPPT, operates with better tracking effectiveness when operated at higher values of insolation. Tsang & Chan, 2015 make use of current sweeping-based approach for obtaining global maximum under partial shaded condition, which aids in controlling the large oscillations near the panel operating MPP and overcome methods otherwise problematical to implement using artificial intelligent techniques. Li, 2015 proposes a MPPT method with variable weather parameters considered specially from the input resistance perspective, in order to improve the tracking speed and adaptability to varying weather condition for PV systems. Hassan Fathabadi, 2015 proposes a Lambert W-function-based technique to evaluate the MPP of PV panels based on the current-voltage (I-V), power-voltage (P-V), and power-current (P-I) relationship of the PV module.
Artificial intelligence-based MPPT applications for solar energy have also been implemented for maximum power extraction from PV systems. (Iqbal, Ahmed, Abu-Rub, & Sinan, 2010; Kottas, Boutalis, & Karlis, 2006; Manas, 2015; de Medeiros Torres, Antunes, & dos Reis, 1998; Mellit, Kalogirou, Hontoria, & Shaari, 2008; Muralidhar & Susovon, 2015; Saleh, Chaaben, & Ammar, 2008; Sher et al., 2015; Zaheeruddin & Manas, 2015b ; ) Among them, one of the most frequently preferred MPPT techniques is the perturb and observe (P&O) algorithm. Its advantages mainly include the low-cost hardware, the easy implementation and the good performance without solar irradiance and temperature varying quickly with time. Although highly popular due to its simplicity of implementation through electronic circuits, Hohm and Ropp (2003) (Hohm & Ropp, 2003) noted that only if properly optimized the P&O algorithm can overcome the shortcomings associated with it including its slow tracking speed and oscillation around the MPP.
Most of the methodology of implementation of tracking algorithm involves complex circuitry and increase in the number of measured parameters. In order to negate the issue of complexity in implementation circuitry, Salah and Ouali (2011) (Manas, 2015) proposed fuzzy logic and neural network controllers. The controllers used the climatic parameters of insolation and temperature as inputs and estimated the optimum duty cycle corresponding to the system maximum power (P max ). PV systems exhibit non-linear characteristics, which is appropriate for fuzzy logic-based control. Accurate rule base formulation between membership function of fuzzy logic controller leads to dynamic and quick to respond output value of duty cycle that ensures MPP tracking. While neural networks present the advantage of not requiring knowledge of the internal systems parameters, less computation time, and absence of complex algorithms for determining the optimum duty ratio. However, the effectiveness of this technique depends on the training of the system. The better the trained model, more accurate it is in predicting the operating duty cycle for MPP operation.
The MPPT algorithms works to automatically find the voltage at maximum power (V mpp ), the current at maximum power point (I mpp ) at which the PV array connected to a converter should operate to obtain the maximum power output under a given conditions of atmospheric insolation and temperature. The variation in the V mpp and I mpp with the change in insolation and temperature is a complex problem. This relation becomes more pertinent when there is partial shading, as it is possible to have multiple local minima, often at times resulting in error in the tracking of the MPP.
The three most popular and widely used MPPT tracking algorithms have been assessed in this study. The review of literature shows that although significant work has already been covered in development of P&O technique, fuzzy logic-based-and neural network-based controllers for MPPT applications, a comprehensive work on comparative assessment of the three techniques on a single PV system is not found in the literature. This article attempts to make a comparison based on the tracking effectiveness of each of the above-mentioned techniques to validate which tracking algorithms can give optimum performance under changing atmospheric condition.
The paper is presented in the following chronological order. Section 2 presents description on modeling of the PV module in SIMULINK and the theoretical foundation of the working of DC-DC boost converter. The methodologies related to the working of P&O technique, fuzzy logic-based controller design and neural network controllers are covered in Section 3. Section 4 presents two scenarios where the controllers are tested with respect to their tracking effectiveness in simulation environment. Section 5 presents a short discussion on the tracking performance of the three reference algorithms and Section 6 draws conclusion to the work.
PV System modeling and Operation of Boost Converter
In this section, the mathematical modeling of the PV panel considered as the reference in this simulation study, namely the KYOCERA KC 120-1(Kyocera KC120-1 multi-crystalline photovoltaic module datasheet, 2015) is presented. The theoretical background on the operation of DC-DC boost converter is also presented here.
PV Module Modeling
A solar cell is basically a p-n junction fabricated in a thin wafer of semiconductor. The electromagnetic radiation of solar energy can be directly converted into electricity through the PV effect. When exposed to sunlight, photon with energy greater than the band gap of the semiconductor creates the electron-hole pairs proportional to the incident radiation which is responsible for the generation of photocurrent. Figure 1 shows the equivalent circuit of a PV cell. The current source I ph represents the photocurrent. R sh and R s are the intrinsic shunt and series resistances of the cell, respectively. Usually the value of R sh is very large and hence they may be neglected to simplify the analysis.
Each PV cell, when grouped together in a combination of parallel and series cells constitute a PV module and PV arrays. The mathematical Equations (1)- (4) are used for the modeling of the reference PV module KYOCERA KC 120-1(Kyocera KC120-1 multi-crystalline photovoltaic module datasheet, 2015).
Module Photocurrent (I ph ) is expressed by:
Module reverse saturation current (I rs ) is given by:
The module saturation current (I o ) varies with the cell temperature, which is expressed as:
The current output of the PV module (I pv ) is represented by:
Where I scr is the PV module short-circuit current (A) at 1 kW/m 2 and 25 °C, K i is the short-circuit current temperature coefficient at I scr (0.0017A/°C), T is the module operating temperature in Kelvin (K), λ is the PV module illumination (kW/m 2 ), I rs is the reverse saturation current of the module (A), q is Electron charge (1.6 × 10 −19 C), V oc is the open circuit voltage of the PV panel (V), N s is the number of cells connected in series in the PV module, k is Boltzmann's constant having the value of 1.3805 × 10 −23 J/K, A is an ideality factor having value of 1.2, I o is the PV module saturation current (A), T r is the reference temperature in Kelvin (298 K), E go is the band gap for silicon having value of 1.1 eV, I pv is output current of a PV module (A), V pv is the output voltage pf the PV module (V), N p is the number of cells connected in parallel for the PV module. In the mathematical model the cells in series and the cells in parallel have values of N s = 36 and N p = 1. Table 1 lists the electrical specifications of the Kyocera KC120-1 PV module (Kyocera KC120-1 multi-crystalline photovoltaic module datasheet, 2015) specified at standard testing conditions (i.e. at a irradiation of 1000 W/m 2 , 25° C temperature and AM 1.5) which has been considered as the reference module in this paper for investigation. Figure 2 depicts the current voltage (I-V) and power voltage (P-V) characteristics of the PV module at STC of the simulated model indicating that the model is able to predict accurately the PV module characteristics.
(1) 
Boost Converter Operation
The purpose of any DC-DC switched mode converter is to convert an unregulated dc input to a regulated or controlled dc output at a desired voltage level. In a PV system, a DC-DC converter is used to act as MPPT interface between the source and the load. The converter works to adjust its duty cycle to match the requirements of the system.
The voltage transformation in a DC-DC converter (switched mode) is done by controlling the operation of the switches. This is achieved by controlling the operation period, i.e. the on time (t on ) and off time (t off ) of the switches by PWM (pulse width modulation) technique as shown in Figure 3 . The switching period T s = t on + t off is held constant while the ratio of the on time to the switching time (i.e. duty ratio) is varied. Using the switch mode control in the circuit, the output voltage V o will be a constant pulse as shown in the figures below. Because of the inductive and capacitive circuit elements in the converter topologies the output voltage should be constant (given as the dashed line) V o . The switch control signal is generated by comparing a control value (which mostly is a signal generated as an error signal) to a repetitive waveform V st . The control value may be the difference between the actual and the desired output voltage V o as seen by the Figure 3 . The effects of comparison are when V ctr (V control ) > V st , switch is on and vice versa.
Hence, we can now define duty ratio (cycle) as
The frequency (1/T s ) can also be varied in a PWM switching mode. This method however might make it hard to filter the ripple components in the converter waveforms.
In a DC-DC converter with an optimal design, it is assumed that the switching ripples are very small compared to the average values often less than 1% of the quantities. This is often referred to as the small or linear ripple approximation. The boost converter produces an output voltage which is higher than the input voltage. This topology also has different circuit schemes depending on the state of the switch. When the switch is on the output stage it is isolated from the input caused by the reverse biased diode. The input will supply the inductor with constant voltage and the inductor current will increase. When the switch is off the output will be supplied by both the input and the inductor, and the current through the inductor will decrease because of this energy transfer.
The voltage and current graph of the inductor through one time period has been shown in Figure  4 above along with the individual effective circuit for t on and t off in Figure 5 . The shapes are equal to those of the buck converter, but the voltage of the inductor is different due to the placement of the switch and the diode (Saharia, 2014) . The analysis of steady-state performance for the buck converter, we have also for the boost converter, Figure 6 shows the basic layout of a PV generation system connected by a DC-DC boost converter to a load. Solar insolation and temperature serve as the inputs to the PV panel. The MPP tracking algorithm is fed with the necessary parameters that it requires voltage, current, insolation, or temperature, and it sends a control signal in the form of duty ratio to operate the system at maximum power point. Discussions on the three MPPT algorithms follow in the ensuing subsections:
MPPT Algorithms
(6) V i n V o = (1 − D) = I o I i n .
Perturb and Observe MPPT Algorithm
The most basic form of P&O algorithm compares the power previously delivered with the one after disturbance. If the comparison results such that the new power increases, the voltage is increased and vice versa. The P&O algorithm involves varying the voltage of the panel periodically with small incremental steps to reduce the oscillations around the MPP or a desired step. This algorithm is widely found to have been implemented with commercial system due to reduced circuitry and low number of depended parameters. There are four variations in voltage and the possible change in the resulting power as a reflection of the voltage change, which are tabulated in Table 2 (Esram & Chapman, 2007) . The outcome of the perturbation is positive in the next step when the power change is positive, and negative in the reverse case. Figure 7 shows the Simulink block diagram of the MPPT based on the P&O technique. The subsystem consists of Voltage and current as inputs to the tracking algorithm and the duty ratio as the output. Figure 5 shows the MATLAB/SIMULINK system model used for analysis of the MPP tracking algorithm using the boost converters. The output current and voltage of the PV panel act as input signals to the MPPT controlling subsystem. The contoller tracks the MPP using P&O technique generating a reference duty ratio command. This signal is compared with a repeating sequence of sawtooth waveform to generate the PWM signal which is fed to the MOSFET switch of the boost DC-DC converter. 
Fuzzy Logic control
The fuzzy logic and neural network-based controllers for MPPT involves the use of climatic data of insolation and temperature. Hence there needs to be an adequate knowledge of the behavior of the PV system connected to a dc load by a DC-DC converter working based on either fuzzy logic or neural network to generate the optimal duty ratio to extract maximum power from the system, for any given external atmospheric conditions.
Fuzzy logic-based design of MPPT controllers involves three components in its design. First the knowledge base of the designer, the fuzzification step, the inference diagram and the defuzzification process (Manas, 2015; Saleh et al., 2008) . According to the input parameters of solar insolation and temperature, the output duty ratio corresponding to the MPP operation of a PV system, the designer must have knowledge of the relation between the input and output parameters. There must be sectional division of the solar insolation and temperature, as well as the output duty ratio. Solar radiation is divided into four fuzzy subset sections namely small, medium, large, and very large, covering insolation values between 0 and 1.2 kW/m 2 . The temperature values also have four sections of small, medium, large, and very large, membership functions ranging from 0 to 40 °C, similarly the duty ratio also has similar values of fuzzy subsets small, medium, large, and very large, membership function ranging from 0 to 0.75. The control relationship is tabulated in Table 3 as where the insolation and temperature serve as inputs and the duty ratio serves as the output for MPPT.
As shown in Figure 8 , For the fuzzification step of the algorithm, the membership functions for solar insolation, temperature, and duty ratio are considered to be of symmetic triangular type. Based on the membership functions, a Mamdani based rule base is constructed having 4 × 4 = 16 rules. The rules aggregations are given by computing the minimum norm conjuction implication of fuzzy subset of the optimum duty ratio. As the rules are averaged, the defuzzification consists of use of the centrod method to get the duty ratio. 
Neural Networks
Neural network-based controllers generally have three layers: input, the hidden and the output layers as shown in Figure 9 . The number of nodes (i -input node and j -hidden layer node) in each layer vary and are usually user dependent. Input variables are usually atmospheric parameters like solar insolation and temperature, or PV array paremeters like Voc and Isc or a combination of these paremeters. The output is generally one or several reference signal like duty ratio signal used to drive the DC-DC power converter interface to make it operate close to the MPP. The accuracy of the tacking algorithm based on neural network depends on the training algorithm used and the training of the network with data. As most of the PV panels have different characteristics, a neural network has to be specifically trained for the PV array with which it will be implemented. The PV array characteristics may change with time, and as such the neural network may need periodic tuning in the training for a much robust and effective working (Esram & Chapman, 2007) . In this study, neural network has been designed such that it takes solar insolation and temperature as the data inputs and produces duty ratio corresponding to the input conditons as the output. The values of insolation have been varied in steps of 50 W/m 2 from zero to 1200 kW/m 2 and temperature in steps of 5 °C from zero to 40 °C. A total of 203 sets of input data were selected and the optimum duty ratio for each of the sets was calculated as shown in Figure 10 . The neural network was then trained using these datasets by backpropagation technique (Haykin, 1999) .
Simulation Procedure and Results
To test the efficiency of tracking of the three algorithms mentioned above, they were modeled in simulation environment. The tracking factor that symbolizes the effectiveness of the tracking algorithm is given by the relation:
Where η is the tracking factor, P inst is the instantaneous power at the operating point of the PV module, and P mpp is the instantaneous MPP of the PV module under given condition of insolation and temperature.
The MATLAB/SIMULINK software platform was used for modeling and implementation of the algorithms. There were two scenarios considered, one in which the temperature was kept constant and Temperature (ºC) the insolation on the PV panel was changed. Next to ascertain the response of the algorithms to change in temperature, the insolation was fixed and a varying temperature was given as the input. The two cases and the behavior of the three algorithms tracking ability for a set of external conditions are detailed in the following sections: 
Case I: Tracking Response to Step and Linear Change in Insolation at Fixed Temperature
In the first scenario, to evaluate the three tracking algorithms, we exposed the PV model to a solar radiation of 800 W/m 2 at a fixed temperature of 25 °C to start with. The temperature values remain fixed for the simulation interval. The isolation takes a step change from 800 to 750 W/m 2 at 0.49 s. It remains fixed at this value of radiation till 1.05 s, when it slightly decreases and at 1.125 s starts to rise linearly and reaches a value of 800 W/m 2 at 1.4 s and holds this value up to the end of simulation time of 2 s.
The variation in duty ratio as a result of the individual tracking algorithms to attain MPP operation is shown in figure. It is observed that the highest fluctuation in the duty ratio takes place for the neural network-controlled tracker indicating that it is the most sensitive of the three algorithms. The fuzzy logic-controlled duty ratio and P&O duty ratio are much more stable and their variation due to the fluctuation in the insolation change indicates a stable system in the dynamic sense.
From the point of view of tracking efficiency of the three algorithms, we observe that the fuzzy controller is most effective in tracking the MPP for the change in solar insolation, followed closely by the P&O algorithm evaluated as per Eq. (12). The neural network algorithm is seen to be having the least efficient tracking. The convergence speeds of the algorithms also vary. The fuzzy logic controller is seen to achieve tracking efficiency fastest as shown in Figure 12 and Figure 13 . This is closely followed by P&O technique and the neural network-based MPPT algorithm. The average tracking efficiency for the three algorithms is tabulated in Table 4 .
Case II: Tracking Response to Step and Linear Change in Temperature at Fixed Insolation
In the second case, to evaluate the three tracking algorithms, we exposed the PV model to a solar radiation of 800 W/m 2 and a fixed temperature of 24.6 °C to start with. The temperature values change accordingly as shown in Figure 12 while insolation is kept constant at 800 W/m 2 The temperature takes a step change from 24.6 to 23.6 °C at 0.4 s. It rises a little to 23.8 °C at 0.705 s. remaining fixed at this value of radiation till 1.08 s, when it slightly decreases to 23.6 and starts to rise linearly and reaches a value of 24.2 °C at 1.46 s and then decreases to reach the value of 22.8 °C at 1.85 s. The temperature is held to this value up to the end of simulation time of 2s as shown in Figure 14 . Figure 15 shows the variation in duty ratio as a result of the individual tracking algorithms to attain MPP operation for a changing temperature at fixed insolation. It is observed that the neural network-based tracker has the highest duty ratio, followed by fuzzy logic-controlled duty ratio and P&O duty ratio. 
Tracking factor
From the point of view of tracking efficiency of the three algorithms, we observe that the fuzzy controller is most effective in tracking the MPP for the change in temperature, followed closely by the P&O algorithm as shown in Figure 16 and Table 5 . The neural network algorithm is seen to be having the least efficient tracking, similar to case I where the results are also in the same corresponding order.
The speed of convergence at the perturbation is also seen to vary with fuzzy logic controller that converges the fastest. This is followed closely by P&O technique and the neural network-based tracking algorithm. The average tracking efficiency of the three algorithms to the change in temperature is recorded in Table 5 . Table 6 shows a comparative analysis of the three algorithms. The comparison is made on the basis of the speed of response of the algorithm to the change in external perturbation due to variation in the environmental conditions, change of duty ratio and the tracking efficiency. The fast change in response to the change of weather parameters namely insolation and temperature indicates the high sensitivity to external perturbations. This also indicates that an algorithm is able to respond quickly, which is a sought after quality of the MPPT algorithm to make it implementable in systems where fast and swift varying controller response is a desired requirement. The degree fluctuations in duty ratio indicate that the algorithm is unstable at the equilibrium, which causes the converter to oscillate thereby causing reduced efficiency due to system losses. Therefore a stable and low changing algorithm with reduced oscillations at steady state is a sought after characteristic in such algorithms. From Table 6 it is seen that the fuzzy logic-based controller leads the other two techniques in this regard and emerges as the best algorithm for tracking of PV systems.
Discussion

Conclusion
In view of the unavailability of a common bench test on the three most commonly used tracking algorithms, this paper presents a common simulation platform for testing and assessment of P&O, fuzzy logic, and neural network-based tracking algorithms. The biggest hindrance for implementation of a neural network-based tracking algorithm is the training requirement. For P&O technique, the results are optimal only if there is a proper knowledge of the range of duty ratio variation for a system, corresponding to the changes in the atmospheric conditions. From the simulation results, it is observed that the tracking effectiveness decreases in the order fuzzy logic controller, P&O algorithm, and neural network-based tracking. The results stand for changing insolation at fixed temperature as well as for a change in temperature at a constant insolation level. The fuzzy logic control is better suited for tracking as it gives the highest performance for the changes in the external conditions. From the view point of convergence speed as well, the fuzzy logic controller performs the best among the three techniques achieving a stable state after a change in either the insolation profile or the temperature change. The results can be used as a reference for implementation of fuzzy logic MPP trackers in hardware making use of digital signal processor controller (DSP) or field programmable gate array (FPGA). Moreover possible application of hybrid algorithms like Genetic algorithm (GA) -Fuzzy, Particle swarm optimization (PSO)-Fuzzy, Differential Evolution (DE) -Fuzzy logic-based MPPT controllers can also be investigated to check for better response in the overall system performance.
